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Abstract

This note casts light on the spillover e¤ects of structural breaks on the estimates
of adjustment parameters in a cointegrated vector autoregressive system. A Monte
Carlo simulation study is conducted in a recursive manner to examine the features of
�nite-sample parameter estimates. The study reveals the wide-ranging in�uences of
breaks on the estimates, which can give rise to inferences for spurious time-varying
adjustment parameters, although the underlying adjustment parameters are time-
invariant. Thus it is advisable to interpret the parameter estimates with adequate
thought and care when analyzing time series data subject to various structural
breaks.
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1 Introduction

This note sheds light on the spillover e¤ects of structural breaks taking place in a coin-
tegrated vector autoregressive (CVAR) system. For this purpose, a recursive simulation
study is applied to the estimation of adjustment coe¢ cients in a CVAR system. This
section introduces a CVAR system and describes its structure, then explaining what is
explored in a series of recursive Monte Carlo simulation experiments conducted in this
study.
Let us consider a p-dimensional CVAR(k) system for Xt, which is given as follows:

�Xt = � (�
0; )

�
Xt�1
t

�
+

k�1X
i=1

�i�Xt�i + �+ "t; for t = 1; :::; T; (1)

where an innovation sequence "t has independent and identical Gaussian N(0;
) dis-
tributions conditional on the starting values, X�k+1; :::; X0, and 
 2 Rp�p represents a
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symmetric positive de�nite variance-covariance matrix. The set of remaining parameters
in the equation above is de�ned in the following manner: �; � 2 Rp�r for r < p,  2 Rr,
�i 2 Rp�p and � 2 Rr. In addition, let us denote �� = (�0; )

0 and X�
t�1 =

�
X 0
t�1; t

�0
for future reference; note that the prime 0 represents the transpose of a matrix in ques-
tion. Johansen (1988, 1996) developed a likelihood-based analysis of the CVAR system
(1), which has gained great popularity among economists and econometricians analyz-
ing non-stationary time series data. Furthermore, Hoover, Johansen and Juselius (2008)
demonstrated that the CVAR methodology plays a critical role in empirical macroeco-
nomic studies; see also Juselius (1998 and 2006), Bårdsen, Eitrheim, Jansen, and Nymoen
(2005), and Kurita (2011), inter alia, for applications of CVAR models to various macro-
economic time series data. In this note � is referred to as adjustment coe¢ cients or
parameters, which are subject to a Monte Carlo simulation study in Section 3, while �� is
called cointegrating parameters or vectors. The linear combinations ��0X�

t�1 correspond
to cointegrating relationships, which are viewed as r-dimensional stationary linear com-
binations of non-stationary variables; the index r is referred to as the cointegrating rank.
As demonstrated by Johansen (1988, 1996), the maximum likelihood estimation of these
parameters given in equation (1) corresponds to reduced rank regression investigated by
Anderson (1951).
Adjustment parameters in a CVAR system indicate how economic variables react to

disequilibrium errors represented by a set of cointegrating relationships; for this reason
� is often regarded as the parameters of primary interest, together with ��, in applied
economic research. In order to apply standard limit theory for cointegration to an esti-
mated VAR system, it is necessary to ensure that adjustment parameters are perceived
as stable over time. One thus �nds it important to check the stability of them by relying
on various statistical procedures. If empirical evidence suggests adjustment coe¢ cients
are not constant over time, the subsequent modeling strategy should be revised to ap-
propriately address the issue of the observed time-varying coe¢ cients. Employing a class
of non-linear models, for instance, is a conceivable alternative modeling approach in this
case; see Teräsvirta, Tjøstheim and Granger (2010), inter alia, for further details on this
line of research. However, it is also important to recall that the reduced rank estimates of
adjustment coe¢ cients may be deemed unstable, even when the underlying true adjust-
ment parameters are stable. That is, spurious time-varying adjustment coe¢ cients may
be obtained in reduced rank regression, owing to a series of structural breaks associated
with other parameters in the process under study. For example, the observed instability of
adjustment parameter estimates may be attributed to a chain of outliers caused by some
�nancial crisis in economies under study; in addition, a discrete shift in the underlying
cointegrating vectors may give rise to empirical observations of time-varying adjustment
coe¢ cients. These may be regarded as phenomena similar to �nding spurious unit roots
in the presence of structural breaks, which is thoroughly investigated by Perron (1989,
1990). If these phenomena are, in fact, observed, treating � as a set of time-varying
parameters will give rise to a misleading conclusion in the econometric modeling.
Given the nature of these complex issues related to breaks in the underlying data

generation mechanism, a Monte Carlo simulation study will be useful in casting much
light on them; see Hendry (1984), Doornik (2005) and Hendry and Nielsen (2007, Ch. 18),
inter alia, for further details of Monte Carlo simulation experiments. As demonstrated by
Hendry and Doornik (1997), Hendry (2000) and Doornik (2005), conducting Monte Carlo
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experiments in a recursive manner is particularly useful in evaluating how �nite-sample
estimates under study vary according to an increase in the number of observations. A
recursive Monte Carlo approach, if applied to the estimation of adjustment parameters
in the present setting, allows us to deepen our understanding about spillover e¤ects of
structural breaks on the estimation results. Thus, a set of simulation �ndings presented
in this note will be of practical use for researchers modeling and analyzing non-stationary
time series data. This note is also seen as complementary to the following important
studies related to structural breaks in CVAR systems: Hendry and Doornik (1997), Seo
(1998), Hansen and Johansen (1999), Hendry (2000), Johansen, Mosconi and Nielsen
(2000), Hansen (2003), Andrade, Bruneau and Gregoir (2005), Nielsen (2004, 2008), and
Hendry and Massmann (2007), inter alia.
The rest of this study is organized into four sections. Section 2 provides an empirical

example that motivates Monte Carlo experiments on adjustment parameters. Section
3 conducts a recursive Monte Carlo study on adjustment coe¢ cients in the presence of
various structural breaks. Finally, Section 4 presents the overall conclusion. All numerical
and graphic analyses in this note were performed using Ox (Doornik, 2007) and PcGive
(Doornik and Hendry, 2007a).

2 A motivating example

This section shows that a simple empirical study of Japan�s macroeconomic data pro-
vides impetus to perform a recursive Monte Carlo study centering on the estimation of
adjustment coe¢ cients. A trivariate VAR system for k = 3 is formulated with regard to
the Japanese economy such that Xt = (fdit; ext; invt)

0, where fdit is the ratio of nomi-
nal outward foreign direct investment (FDI) to nominal gross domestic product (GDP),
ext is the ratio of nominal exports to nominal GDP and invt is the ratio of nominal
non-residential �xed investment to nominal GDP. The data for FDI were taken from the
balance of payment statistics on the Bank of Japan�s website for time series data search
(http://www.stat-search.boj.or.jp/index_en.html), while the other data were obtained
from the system of national account (SNA) statistics on the website of the Economic and
Social Research Institute of the Japanese Cabinet O¢ ce (http://www.esri.cao.go.jp/index-
e.html).
The maximum likelihood estimation of the trivariate system is performed using the

above data, which span two sample periods; the �rst runs from the fourth quarter of 1996
to the third quarter of 2008 (denoted as 1996.4-2008.3), and the second is 1996.4-2013.3.
The end point of the �rst sample period is selected on the basis of various potential
structural breaks in the data that re�ect the global economic depression caused by the
US �nancial crisis which began in September 2008. A VAR system estimated from the
data for the �rst sample period is assessed as a well-formulated model as a result of a
range of diagnostic test statistics. Thus, it is possible to conduct the likelihood-based tests
for cointegrating rank developed by Johansen (1988, 1996). Then, the rank tests indicate
the existence of a single cointegrating relationship or r = 1, enabling its adjustment
parameters to be estimated under the restriction of r = 1: The reduced rank estimates of
the parameters are recorded in the �rst row of Table 1.
Next, the second sample period data are used to obtain the other set of reduced rank

estimates for adjustment coe¢ cients under r = 1, which are reported in the second row of
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fdit invt ext
(1) 1996.4-2008.3 b�0 �1:315

(0:232)
�0:715
(0:827)

�0:356
(0:862)

(2) 1996.4-2013.3 b�0 �0:868
(0:204)

�0:088
(0:465)

�0:249
(1:004)

Note: Figures in parenthese are standard errors.

Table 1: Restricted estimates of adjustment parameters

Table 1. According to this table, the second sample estimates appear to be distinct from
those obtained in the �rst sample estimation. One may, therefore, conjecture that the
underlying adjustment parameters are time-varying and hold di¤erent values according
to the two economic regimes characterized as the pre and post crisis periods. However, as
noted in Section 1, it is also likely that the observed changes in adjustment coe¢ cients are
caused by the inherent structural breaks associated with other parameters, such as those
for a cointegrating relationship and intercept vector, in the underlying data generation
mechanism. A recursive Monte Carlo study in the next section, thus, investigates how
estimates of adjustment coe¢ cients are a¤ected by structural changes in a cointegrating
vector and a set of deterministic terms.

3 Recursive Monte Carlo

This section conducts a recursive Monte Carlo simulation study in the presence of struc-
tural breaks. The data generation process (DGP) employed in the simulation analysis is
formulated by referring to a set of parameter estimates obtained from the Japanese data
above. As a result, the DGP is speci�ed as follows:0@ �X1;t

�X2;t

�X3;t

1A =

0@ �1:3
0
0

1A� 1 0:08� �1(t>0:8T �) �0:08 + �1(t>0:8T �)
�0@ X1;t�1

X2;t�1
X3;t�1

1A
+

0@ 0:3 0 0
0 �0:3 0
0 0 0

1A0@ �X1;t�1
�X2;t�1
�X3;t�1

1A+
0@ 0:3 0:1 �0:2

0 0 0:3
0 0 0

1A0@ �X1;t�2
�X2;t�2
�X3;t�2

1A
+

0@ 0:008
0

0:002

1A�
0@ � 0
0 �
0 �

1A 1(t=0:8T �;0:8T �+1)
+

0@ 0:001 0 0
0 0:004 0
0 0 0:004

1A0@ "1;t
"2;t
"3;t

1A ;
where ("1;t; "2;t; "3;t)

0 has a pseudo mean-zero i.i.d. normal with variance 
, which is a
positive de�nite symmetric matrix with its elements �ij de�ned as �ii = 1 (for i = 1; 2; 3),
�21 = �0:2; �31 = 0:2 and �32 = 0:3, while 1(�) denotes a standard indicator function,
taking 1 when conditions given in the parenthesis apply and 0 otherwise, and T � represents
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the maximum number of observations in this study de�ned below. According to the above
DGP, the adjustment and cointegrating vectors are given as

� = (�1; �2; �3)
0 = (�1:3; 0; 0)0 ;

and
� = (�1; �2; �3)

0 =
�
1; 0:08� �1(t>0:8T �);�0:08 + �1(t>0:8T �)

�0
;

respectively. Structural breaks arise in the DGP when �, �, � � and � are set at non-zero
values; note that � and � represent permanent shifts in the cointegrating vector, whereas
�, � and � are associated with those breaks in the intercept vector which continue for two
consecutive time points, giving rise to a set of consecutive outliers at t = 0:8T � and t =
0:8T �+1. The intercept or deterministic breaks that generate the consecutive outliers can
be justi�ed by referring to the severity of the global �nancial crisis recorded in the actual
data. Note that all potential structural breaks in the DGP have nothing to do with its
adjustment vector �. Moreover, X1;t, X2;t and X3;t in the DGP correspond to fdit, invt
and ext, respectively, in that (i) the initial values of the DGP are taken from the Japanese
data and (ii) the DGP�s parameters, apart from those that relate to structural breaks,
are close to the rounded values of the corresponding signi�cant estimates obtained from
the actual data analysis over the �rst sample period given in the previous section, that
is, 1996.4-2008.3. Note also that the deterministic trend is eliminated from the DGP,
re�ecting the insigni�cance of the trend coe¢ cient  in the estimated CVAR model.
The number of Monte Carlo replications is 10,000. Twenty simulated observations are
discarded and subsequent observations are studied in each experiment. The number of
observations T available for estimation increases from 50 to 100 stepwise, allowing the
estimates of adjustment parameters to be recursively obtained with the �nal time point
T � = 100.
A series of experiments conducted in this section focuses on the Monte Carlo mean

(i.e., the average over the Monte Carlo replications) of recursive reduced rank estimates
of adjustment coe¢ cients for X1;t, X2;t and X3;t, denoted as b�1; b�2 and b�3, respectively.
Eight cases are under study here, depending on various speci�cations of break-related
parameters. The �rst case is treated as a benchmark, in which there is no structural
break in the underlying DGP; that is, �, �, � � and � are all set at zero (Case 1). The
recursive estimates of adjustment coe¢ cients in this case are recorded in Figure 1 (a),
(b) and (c), together with their approximate standard error bands based on both the
Monte Carlo standard deviation (MCSD) and the Monte Carlo mean of the estimated
standard error (ESE); see Doornik, Hendry and Nielsen (1998), and Doornik and Hendry
(2007b), inter alia, for the use of these measures of the underlying error variations. The
recursive estimates b�1; b�2 and b�3 are represented by a chain of round symbols, while
the �2�MCSD and �2�ESE are denoted by thick and thin dotted lines, respectively.
In addition, Figure 1 (d) displays a sample path of the cointegrating combination as an
example, which uses the �xed values of the cointegrating parameters � = (1; 0:08;�0:08)0
and the data generated in the �nal replication of the experiment for T � = 100. Note that
all the �gures given in this study are structured in the same manner as Figure 1. As
expected, all the estimates in Figure 1 (a), (b) and (c) are close to the underlying true
values, re�ecting the absence of model mis-speci�cation problems.
Next, a structural shift occurs in the cointegrating space as follows: � = 0:02 and

� = � = � = � = 0 (Case 2). The recursive estimates in this case are displayed in
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Figure 1: Recursive estimates of adjustment parameters - Case 1

Figure 2, in which b�1 corresponds to a coe¢ cient estimate directly associated with the
cointegrating combination subject to the structural break. The spillover impact of the
break on b�1 is truly remarkable, but one may argue that the break�s overall in�uences are
limited in that the recursive estimates for �2 and �3 themselves appear stable over time
apart from a sudden shrinkage of the error bands.
Figure 3 also allows a structural shift in the cointegrating space but in this case � is

set at a non-zero value as well; that is, the break parameters are speci�ed such that
� = � = 0:02 with � = � = � = 0 (Case 3). It seems that the recursive estimates given
in Figure 3 are similar to those in Figure 2. The spillover impact of the break, however,
is less remarkable in Figure 3, because of the parallel structure of the pre-break vector
� = (1; 0:08;�0:08)0 and the post-break vector � = (1; 0:06;�0:06)0.
Figure 4 displays the simulation outputs in a case where a set of two consecutive

outliers arises with no shift in the cointegrating vector; that is, � = � = 0:04 and
� = � = � = 0 (Case 4). These outliers or intercept breaks, by construction, should
directly a¤ect both X2;t and X3;t. However, note that the break vector lies in a space
orthogonal to the cointegrating space, namely (0; �; �) � = 0, so that the cointegrating
combination of the variables eliminates the deterministic breaks, leading to a type of a
drift co-breaking relationship (see Clements and Hendry, Ch.9, 1999; Hendry and Mass-
mann, 2007, inter alia). Therefore, the impacts of the breaks are expected to be mitigated
or removed owing to this inherent co-breaking relationship. Figure 4 demonstrates that
the recursive estimates of adjustment coe¢ cients appear stable over time. Hence, one may
infer that most of the breaks�in�uences have been removed as a result of the co-breaking
phenomenon. The stability of a sample path of the combination using �, as shown in
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Figure 2: Recursive estimates of adjustment parameters - Case 2

50 60 70 80 90 100

1.5

1.0

0.5
(a)

T

α̂ 1
2MCSD

2ESE

50 60 70 80 90 100

2

1

0

1

2 (b)

T

α̂ 2
2MCSD

2ESE

50 60 70 80 90 100

2

1

0

1

2 (c)

α̂ 3
2MCSD

2ESE

0 20 40 60 80 100

0.005

0.010
(d)

T T

β̄ 'X t

Figure 3: Recursive estimates of adjustment parameters - Case 3
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Figure 4: Recursive estimates of adjustment parameters - Case 4

Figure 4(d), is also consistent with this inference.
Figure 5 includes a set of successive outliers in the DGP such that � = 0:04 and

� = �0:04 coupled with � = � = � = 0, with the result that both X2;t and X3;t are
directly a¤ected by the succession of outliers (Case 5). Distinct from Case 4, the break
vector now lies in a space that is not orthogonal to the cointegrating space, leading to
a breakdown of the co-breaking relationship. This is considered to be why the relevant
recursive estimates in Figure 5, b�2 and b�3, are clearly in�uenced by the set of consecutive
breaks, a feature perceived to be in stark contrast to Figure 4. The simulation results in
Figure 5 also allow us to infer that the set of successive outliers has brought about chain
reactions of b�2 and b�3 through the dynamic structure of the DGP, thereby shifting up
and down the estimate values on and after the break points.
Figure 6 shows the simulation results in a case where the break-related parameters are

set at � = 0:01 and � = 0:04, together with � = � = � = 0 (Case 6); this corresponds to a
situation where a set of consecutive outliers takes place such that they directly a¤ect X1;t

and X2;t, instead of X3;t. Figure 6 displays anticipated features of the recursive estimates,b�1 and b�2, being in�uenced by the persistent outliers realized in the data for X1;t and
X2;t.
Furthermore, a set of intercept breaks is given as � = 0:01 and � = � = 0:04, combined

with � = � = 0, so that each variable in the system is directly a¤ected by a chain of outliers
(Case 7). Figure 7 records the results of this experiment, demonstrating that the three
recursive estimates, b�1, b�2 and b�3, exhibit clear time-varying features as they are subject
to spillover in�uences of the consecutive outliers, although the underlying true adjustment
parameters are, in fact, time-invariant.
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Figure 5: Recursive estimates of adjustment parameters - Case 5
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Figure 6: Recursive estimates of adjustment parameters - Case 6
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Figure 7: Recursive estimates of adjustment parameters - Case 7

Finally, Figure 8 allows structural breaks to take place in the DGP in both cointe-
grating and intercept parameters; that is, � = 0:02, � = � = 0:04 and � = � = 0 (Case 8).
A set of successive outliers is realized in the same manner as in Case 4. However, a shift
in the cointegrating vector also occurs here, leading to a breakdown of the co-breaking
structure, which results in overall mixed in�uences of the breaks on the simulation out-
comes. As in Figure 8, all three recursive estimates, b�1, b�2 and b�3, are a¤ected by the
set of multiple breaks, which indicates spurious time-varying adjustment coe¢ cients.
Overall, the simulation study suggests the possibility that one can make a misleading

inference for the instability of adjustment parameters in a real-life situation where the
underlying DGP is a¤ected by large and persistent structural breaks. It is, therefore,
important to take account of this possibility in assessing the phenomenon of time-varying
parameters in time series analysis.

4 Concluding remarks

Adjustment parameters in the CVAR model are often viewed as the parameters of interest
in applied time series econometrics, since they show how economic variables under study
adjust to disequilibrium errors de�ned as a group of cointegrating relationships. The
recursive Monte Carlo simulation experiments in this note illuminate the wide-ranging
in�uences of large and persistent structural breaks on the �nite-sample estimates of these
parameters. The in�uences are such that they can lead to inferences for the existence of
spurious time-varying adjustment parameters. With a view to avoiding the misleading
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Figure 8: Recursive estimates of adjustment parameters - Case 8

inferences, it is advisable to bear in mind the simulation evidence of this note when mod-
eling non-stationary time series data subject to possible structural breaks. The research
�ndings revealed in this study are of practical importance for applied economists using
the CVAR methodology. This note is viewed as complementary to a battery of preceding
studies on structural breaks in the CVAR system, and indicates a possible direction for
further investigations of the spurious time-varying features of adjustment parameters.
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